Due to rapid advances in sequencing technology, increasing amounts of genomic and transcriptomic data are available for plant species, presenting enormous challenges for biocomputing analysis. A crucial first step for a successful transcriptomics-based study is the building of a high-quality assembly. Here, we utilized three different de novo assemblers (Trinity, Velvet, and CLC) and the EvidentialGene pipeline tr2aacds to assemble two optimized transcript sets for the notorious weed species, Eleusine indica. Two RNA sequencing (RNA-seq) datasets from leaf and aboveground seedlings were processed using three assemblers, which resulted in 20 assemblies for each dataset. The contig numbers and N50 values of each assembly were compared to study the effect of read number, k-mer size, and in silico normalization on assembly output. The 20 assemblies were then processed through the tr2aacds pipeline to remove redundant transcripts and to select the transcript set with the best coding potential. Each assembly contributed a considerable proportion to the final transcript combination with the exception of the CLC-k14. Thus each assembler and parameter set did assemble better contigs for certain transcripts. The redundancy, total contig number, N50, fully assembled contig number, and transcripts related to targetsite herbicide resistance were evaluated for the EvidentialGene and Trinity assemblies. Comparing the EvidentialGene set with the Trinity assembly revealed improved quality and reduced redundancy in both leaf and seedling EvidentialGene sets. The optimized transcriptome references will be useful for studying herbicide resistance in E. indica and the evolutionary process in the three allotetraploid E. indica offspring.
E
leusine indica (2n = 2x = 18), commonly known as goosegrass, is an annual, self-pollinating, diploid grass species in the Poaceae family. It has a relatively small genome size of approximately 8.03 × 10 8 bp (Mysore and Baird, 1997) . Due to its high reproductive capacity and wide tolerance to various environments, goosegrass has been reported as a problematic weed in 46 different crops in more than 60 countries and is listed as one of the world's five worst weed species (Holm et al., 1977) . In addition, the resistance of goosegrass to a wide range of herbicides has greatly compounded its control. According to the International Survey of Herbicide Resistant Weeds, a total of 25 resistant cases have been reported in goosegrass, including resistance to acetyl-CoA carboxylase (ACCase) inhibitors, acetolactate synthase (ALS) inhibitors, 5-enolpyruvylshikimate-3-phosphate (EPSP) synthase inhibitors, photosystem (PS) I electron diverters, PS II inhibitors, glutamine synthase inhibitors, and microtubule inhibitors (http://www. weedscience.org/). E. indica has been considered not only an important weed but also a possible donor of the subgenome A of the three allotetraploid species in the genus Eleusine, E. africana (2n = 4x = 36), E. coracana (2n = 4x = 36), and E. kigeziensis (2n = 4x = 36 or 38) (Hilu, 1988; Mukai, 2001, 2002; Agrawal et al., 2014) . Thus, the construction of a comprehensive nucleotide-sequence reference in goosegrass should facilitate the study of several Eleusine species, especially E. coracana, commonly known as finger millet, an economically important crop that ranks third in cereal production in semiarid regions of the world (Bisht and Mukai, 2002) .
Despite recent advances in sequencing technology, most weed species have little genomic or transcriptomic information available for comprehensive investigations on the genetic mechanisms underlying characters of interest, such as adaptability, weediness, and pesticide resistance. To our knowledge, no complete genome has been assembled for any weed species. Complete or nearly complete chloroplast genomes have been assembled from waterhemp (Amaranthus tuberculatus) and crofton weed (Ageratina adenophora), and comprehensive transcriptome assemblies have been assembled from barnyardgrass (Echinochloa crusgalli), annual ryegrass (Lolium rigidum), Japanese hawkweed (Youngia japonica), and goosegrass (E. indica) (Lee et al., 2009; Nie et al., 2012; Yang et al., 2013; An et al., 2014; Gaines et al., 2014; Peng et al., 2014) . The barnyardgrass and annual ryegrass assembly was assembled from 454 sequencing data with GS de novo assembler (Newbler v2.3, Roche) , and the Japanese hawkweed and goosegrass assemblies were assembled from Illumina reads with Trinity de novo assembler. One single assembler and parameter setting were applied in these assemblies, and none of them performed redundancy reduction. To build a high-quality transcriptome, we generated 20 assemblies with different assemblers and parameter sets for each RNA-seq dataset and combined the best transcripts from each assembly into a nonredundant transcript set using the EvidentialGene pipeline tr2aacds. We constructed two transcriptomes for the leaf and aboveground seedling of goosegrass. The redundancy, total contig number, N50, fully assembled contig number, and specific transcripts related to herbicide resistance were compared with Trinity assembly. The results demonstrated that the EvidentialGene assemblies showed improved quality and lower redundancy and therefore are suitable for future research and resource sharing.
Materials and Methods

Plant Materials and RNA Extraction
Goosegrass seeds were collected from the Plant Breeding Unit of the E.V. Smith Research Center (Tallassee, Al) (Table 1 ) and planted in potting medium (Miracle-Gro Potting Soil, Scotts Miracle-Gro Products, Marysville, OH) to allow uniform germination. Four weeks later, seedlings were transplanted to plastic pots (10 cm × 10 cm × 8.5 cm) containing a native Wickham sandy loam soil with pH 6.3 and 0.5% organic matter. All plants were seeded and grown in Auburn, AL (32.35N, 85.29W) in a glasshouse at 23 ± 2C, and 71% average relative humidity. Total RNA was extracted from fresh leaves of one individual E. indica plantlet with Trizol reagent (Trizol, Invitrogen, Carlsbad, CA). The quality and quantity of total RNA were determined with gel electrophoresis, a Qubit 2.0 fluorometer (Invitrogen, Life Technologies), and a 2100 Bioanalyzer (Agilent Technologies). High-quality RNA was processed for complementary DNA (cDNA) synthesis.
Library Preparation and Illumina Sequencing
RNA-seq library preparation was conducted by the Genomic Service Laboratory at the Hudson Alpha Institute for Biotechnology (Cummings Research Park, Huntsville, AL) . Library preparation by Hudson Alpha was conducted as follows. Libraries were prepared by standard methods using polyA selection from total RNA followed by random-primed first-strand and second-strand cDNA synthesis. Following cDNA synthesis, sequencing libraries were prepared using standard Illumina adaptors. The libraries were amplified with 15 cycles of polymerase chain reaction (PCR), and following purification and size selection with Agencourt beads (Beckman Coulter Genomics), libraries were quantified via real-time PCR (Kapa Biosystems) and normalized to 12.5nM for sequencing on the Illumina HiSeq 2000 with 100bp paired end reads.
A RNA-seq data set was downloaded as a.sra file from the National Center for Biotechnology Information (NCBI) Sequence Read Archive (SRA) database under the accession number SRR1181642. This dataset was generated from the total RNA of goosegrass aboveground seedlings sequenced by Genome Analyzer IIx (Illumina, San Diego, CA) as described by An et al. (2014) . The.sra file was converted into two paired.fastq files with the script 'fastq-dump' in SRA Toolkit (http://www.ncbi. nlm.nih.gov/Traces/sra/?view=software).
Sequence Data Analysis and De Novo Assembly
Raw reads were processed to Trimmomatic-0.32 to remove adaptor contamination and unqualified reads and sequences (Bolger et al., 2014) (http://www.usadellab. org/cms/?page=trimmomatic). The trimmed reads were evaluated with FastQC, a Java-based, quality-control tool for high throughput sequence data (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) and normalized with Trinity's in silico read normalization (http://Trinityrnaseq.sourceforge.net/), with maximum coverage of 30 and k-mer size of 25. Three de novo transcriptome assemblers were used: Trinity 2014-04-13p1 (Trinity, http://Trinityrnaseq.sourceforge.net/), Velvet 1.2.08_ maxkmer101 (Velvet, https://www.ebi.ac.uk/~zerbino/ velvet/), and CLC Genomic workbench (CLC, http:// www.clcbio.com/products/clc-genomics-workbench/). The "no scaffold" option was set in Velvet and CLC. The raw reads were assembled with Trinity and CLC, and the normalized reads were assembled with Trinity and Velvet. We use only normalized reads in the Velvet assembly because of the computer-intensive nature of this program brought on by high memory usage during assembling. Trinity was used to assemble a k-mer size of 25, Velvet was used to assemble k-mer size of 21 to 81 with step size of 10, and CLC was used to assemble a k-mer size of 14 to 64 with step size of 5 (Table 2 ). Contigs shorter than 200 bp were discarded from all assemblies.
Redundancy Reduction
All the assemblies were pooled into one merged assembly. The merged assembly was first processed by CD-HIT-EST v4.6.1-2012-08-27 (http://weizhong-lab.ucsd. edu/cd-hit/) with the strictest parameters "-c 1.0-n 10" to remove identical fragments and then subjected to the EvidentialGene tr2aacds pipeline (http://arthropods. eugenes.org/EvidentialGene/about/EvidentialGene_ trassembly_pipe.html). The tr2aacds pipeline selects a best set of assembled transcripts from the input assembly on the basis of coding potential. This pipeline first generates coding DNA sequence (CDS) and amino acid sequences from each input contig, then uses fastanrdb (exonerate-2.2.0), CD-HIT-EST, and blastn to classify the CDS by identity/alignment to each other and output transcripts into three classes: Main (the best transcripts with the unique CDS), Alternate (possible isoforms), and Drop (the transcripts did not pass the internal filter). The Main and Alternate sets were submitted to the NCBI Transcriptome Shotgun Assembly (TSA) database. A small amount of contigs were changed or removed from the two assemblies as requested by NCBI.
Assembly Evaluations
Four assembly sets-Main, Main + Alternate, Trinity, and Trinity unigene-were used for assessment. The Trinity unigene selected the longest contigs from each Butterfly 'gene' as described in the previous transcriptome assembly for E. indica and Youngia japonica (Peng et al., 2014) . The open reading frames were predicted and translated into protein sequences with TransDecoder in the Trinity suite (http://Trinityrnaseq.sourceforge.net/analysis/extract_proteins_from_ Trinity_transcripts.html). The 1000 longest protein sequences were selected and clustered at 95% identity with CD-HIT. The cluster numbers were used to determine the redundancy level of each assembly. To evaluate the quality of the assembly, N50s and contig length distributions of the assemblies were calculated with the script Count_fasta.pl (http://wiki.bioinformatics.ucdavis. edu/index.php/Count_fasta.pl). The four assembly sets were compared with the foxtail millet (Setaria italic) protein database from Gramene (http://www.gramene.org/) and SwissProt using ncbi-blast-2.2.29+ with an E-value threshold of 1e-5. The blast outputs were processed to a full-length analysis as described in Trinity downstream analyses (http://Trinityrnaseq.sourceforge.net/analysis/ full_length_transcript_analysis.html). E-value and highscoring segment pairs (HSP) values in the blast output, and the number of fully assembled proteins were collected as indices for quality assessment.
Sequence Annotation
The Main and Alternate sets were compared with the NCBI nonredundant (Nr) protein database with ncbi-blast-2.2.29+ with an E-value threshold of 1e-5 and 20 maximum hits for each query. The Nr blast results were processed to Blast2GO to retrieve GO terms and determine and compare gene functions. The obtained annotation was enriched and refined with ANNEX.
Target-site Herbicide Resistance Related Genes
Twenty-two protein sequences of Setaria italica genes were collected from the NCBI genebank. They are related to targeted-site resistance to herbicides, including ALS inhibitors, PS II inhibitors, ACCase inhibitors, EPSP synthase inhibitors, synthetic auxin herbicides, protoporphyrinogen oxidase (PPO) inhibitors, 4-hydroxyphenylpyruvate dioxygenase (HPPD) inhibitors, and glutamine synthase inhibitors. The 22 protein sequences were searched through the leaf assemblies with tblastn. If the isoforms returned with the same hits, the transcripts were searched back through the protein sequences, and the best reciprocal hits were assigned to the transcripts.
Results and Discussion
Effect of Read Number, K-mer Sizes and Normalization on Assembly
Read Number Two sets of RNA-seq data were assembled: one from the total RNA of goosegrass leaf sequenced with Illumina Hiseq2000 and the other one from the total RNA of goosegrass aboveground seedling sequenced with Illumina Genome Analyzer IIx. The seedling dataset was downloaded from the NCBI-SRA database (SRR1181642). It has 61% more trimmed reads than the leaf dataset (Table 1) and also more genetic variation since it is pooled from four different samples (S0, SQ, R0, and RQ) . The seedling dataset generated more contigs than the leaf dataset did in each assembly except in CLC-k14, but most of the seedling assemblies have lower N50 values than the leaf assemblies (Fig. 1) . However, the seedling assemblies yielded more contigs and fully assembled genes in the Main transcript set than the leaf assemblies did (Table 3 ). The build-up of the Main set by Trinity increased from 34% in the leaf dataset to 47% in the seedling dataset, while CLC dropped from 43% in the leaf dataset to 29% in the seedling dataset, pointing to Trinity's advantage in assembling RNA-seq data with deeper read coverage and more genetic variation (Fig. 2) . Trinity is good at resolving sequencing variations, because Butterfly identifies the de Bruijn graph paths supported by actual reads, and since reads are much longer than k-mer, they can resolve ambiguities and reduce the combination of paths, which are enumerated as linear sequences (Grabherr et al., 2011) .
K-mer Size
In the Velvet assemblies, the N50 increases as k-mer size grows until it reaches 61, while the contig number decreases as k-mer size grows until it reaches 61 in leaf and 71 in seedling. In the CLC assemblies, the contig numbers and N50 values are relatively stable among k-mer sizes over 19. CLC-k14 yielded a small number of contigs with a low N50 in both leaf and seedling, and made little or no contribution to the Main transcript set, and therefore is not recommended for future assembly. Previous studies revealed that N50 is not a very informative metric for transcriptome assembly assessment because of its dynamic nature and variable alternative splicing (O'Neil and Emrich, 2013; Lowe et al., 2014) . Our results also supported this conclusion. In CLC assemblies, the highest N50s are observed at k-19. In Velvet assemblies, the highest N50 values are observed at k-61. But neither made a significantly larger contribution to the Main transcript set compared with the other k-mer sizes. In fact, the largest contribution was made by k-21, which resulted in the lowest N50 among all the Velvet assemblies ( Fig. 1 and Fig. 2 ). Different assemblies with variable N50s were produced with different k-mer sizes, and there is no evidence to support a correlation between the N50s and their contributions to the best transcript set (Fig. 2) . Based on the buildup of the Main transcript set, each k-mer size did produce better contigs for certain transcripts, demonstrating the advantage of combining multi k-mer size assemblies over single k-mer size assembly. 
In silico Normalization
Reads processed through Trinity in silico normalization were processed to Trinity assembly together with the trimmed raw reads. The effect of in silico normalization on the contig number and N50 are opposite for the leaf and seedling datasets: in the leaf assemblies, normalization increases contig number and decreases the N50, while for the seedling assemblies, normalization decreased contig number and increased the N50 (Fig. 1) . Trinity in silico consisted of 32% of leaf and 18% of the seedling Main set, indicating that normalization not only reduced the memory requirements and runtime, but also helped Trinity assemble better transcripts for certain genes (Fig. 2) .
Nonredundant Assembly
Due to the rapid development of sequencing technology in recent years, especially since the commercialization of NGS in 2005 (Margulies et al., 2005) , the amount of biological sequence data has been growing rapidly. This has required enormous and redundant bioinformatics resources for their analysis and use. A variety of datasets sequenced by various platforms and assembled with different software are available for the same set of genes, transcripts, or proteins in the same species. To reduce the redundancy and improve usage efficiency, a number of computer programs have been developed: Decrease Redundancy (Gasteiger, 2003) , CD-HIT (Li et al., 2001 (Li et al., , 2002 Li and Godzik, 2006) , Pisces Dunbrack, 2003, 2005) , BlastClust (Dondoshansky and Wolf, 2002) , SkipRedundant (Rice et al., 2000) , EvidentialGene (Nakasugi et al., 2014) , and TGICL (Pertea et al., 2003) . Nakasugi et al. (2014) compared two pipelines for combining multiple assemblies: TGI clustering tool/CP3 and EvidentialGene tr2aacds. The results indicated that the TGI/CP3 pipeline produced longer transcripts by merging clustered assemblies, while other measures-such as the average BLAST bit-scores of homology matches, feature response curves, the substantial reduction of redundant sequences, and the proportion of potentially de novo misassembled transcripts-showed that Figure 2 . The contig percentage of the 20 assemblies in the Main set of the leaf (A) and seedling (B) transcriptome. The assemblies were produced by three transcriptome de novo assemblers-Trinity, Velvet, and CLC-with different parameter sets. "Trinity" stands for the contigs assembled from the raw reads with Trinity. "Trinity in silico" stands for the contigs assembled from the in silico normalized reads with Trinity. "k" is short for k-mer size, for example, k81 indicates that the k-mer size of 81 is used in Velvet.
the Evidentialgene pipeline generated higher-quality transcripts (Nakasugi et al., 2014) . Thus, we chose the EvidentialGene tr2aacds pipeline to build nonredundant transcript sets for goosegrass leaf and seedlings in our study. Three transcriptome de novo assemblers implementing a range of k-mer sizes and in silico normalization were used to assemble the sequencing reads (Table 2) . A total of 20 assemblies were generated from each RNA-seq data. More than 1.3 million contigs (1000 Mbp) were assembled for the leaf transcriptome and more than 1.8 million (1330 Mbp) for the seedling transcriptome. All assemblies were combined into a merged assembly and processed to CD-HIT-EST and tr2aacds to build the best set of transcripts. CD-HIT is a clustering program developed by Weizhong Li's lab at the University of California, San Diego. This program is used by many research and educational institutions, such as the European Bioinformatics Institute, the Institute of Bioinformatics, and the Protein Information Resource, which used CD-HIT to build the UniRef datasets at UniProt. CD-HIT-EST is one of the programs in the CD-HIT package. It clusters a nucleotide dataset into clusters that meet a user-defined similarity threshold by means of greedy incremental clustering algorithm method, and the longest sequences of each cluster are selected as the representatives. The CD-HIT-EST removed 918,752 identical contigs from the leaf assemblies and 1,347,104 from the seedling transcriptome. It reduced the assembly size by approximately 58 to 62% even though the strictest similarity threshold was used. The tr2aacds is a Perl script from the EvidentialGene pipeline and was developed by the Genome Information Lab of Indiana University's biology department. It classified the CD-HIT-EST reduced datasets into three classes (Main, Alternate, and Drop sets) based on the CDS alignments and protein quality and identity. The advantage of this pipeline is that it focuses on the quality and identity of the predicted CDS and translated protein sequences and therefore selects the most biologically useful sequence sets. In this study 394,798 contigs were dropped from the leaf assembly and 483,485 from the seedling assembly. The remaining contigs were divided into the Main and Alternate sets. The Main set is considered the best set of transcripts with unique genes. and the Alternate set is considered as transcripts with possible isoforms (Table 3 ). In the leaf transcriptome, 34% of the Main set was assembled by Trinity (10,024), 43% by CLC (12,873), and 23% by Velvet (6,877). In the seedling transcriptome, 47% of the Main set was assembled by Trinity (18,076), 29% by CLC (9,491), and 24% by Velvet (11.095). In both transcriptomes, CLC-k14 contributed the smallest sets of contigs (Fig. 2a and Fig. 2b ). Each set of assembler and parameter made a considerable contribution to the Main set, except CLC-k14 (8 contigs in the leaf transcriptome and 0 contig in the seedling transcriptome), indicating that each de novo assembler and parameter set produced some better transcripts than the others.
Using Trinity r2012-10-05, An et al. (2014) built a goosegrass aboveground seedling transcriptome with 158,461 transcripts and an N50 value of 2095. The longest "isoform" was extracted from each Butterfly "gene" and combined into a "unigene" set with 100,742 contigs and an N50 value of 1199 . We downloaded their RNA-seq data from NCBI-SRA and processed the data following the instructions in their paper except that a later version of Trinity r2014-04-13p1 was used. The assembly generated 200,938 contigs with an N50 value of 1616 and 167,237 "unigenes" with a N50 of 1244. It shows that the new Trinity version increased the total number of contigs, "genes," and N50 of the "unigene" set but reduced the N50 value of total assembly and the number of "isoforms" per "gene." This is because the older version of Trinity tends to be overzealous in the number of isoforms per gene and results in reductions in the gene number, which artificially inflate the N50 value. made only their raw reads publicly available at NCBI, not their assembly. Thus, no direct comparison could be made between assemblies.
Evaluating the Redundancy and Quality of the Assembly
Each assembler and parameter set can produce some better transcripts. Thus, it is advantageous to implement and combine the output from various assemblers and parameter sets to build a high-quality transcriptome. Here, we used the CD-HIT-EST and EvidentialGene tr2aacds pipeline to combine assemblies. The pipeline reduced the transcript number by 23 fold for the leaf transcriptome and 29 fold for the seedling transcriptome. Two previous studies had assembled transcriptomes for Y. japonica and E. indica using Trinity and constructed a 'unigene' set by extracting the longest 'isoform' from each Butterfly 'gene'. To compare this method with tr2aacds pipeline, redundancy and quality assessments were performed on four assembly sets, Main, Main + Alternate, Trinity, and Trinity unigene. An overview of the assessment was shown in Table 3 . Higher numbers of the top 1000 protein clusters were observed in Main and Main + Alternate than in Trinity and Trinity unigene, which points to significantly reduced redundancy in Main and Main + Alternate. The numbers of 100% assembled proteins in Setaria italica and 100% assembled proteins in SwissProt were increased, N50 and HSP values were enhanced, and E-values were reduced in Main and Main + Alternate, indicating a higher assembling accuracy in these two assembly sets (Table 3 ). The overall results demonstrated that tr2aacds pipeline is capable of improving the quality and reducing redundancy by combining the high-quality transcripts and removing redundant or low-translational-potential transcripts.
Sequence Annotation
In the leaf Main set, 22,704 (76%) transcripts were initially assigned with Blast hits (E-value < 10
5
) from the Nr database. For the top blast hit species distribution of aligned transcripts in the Nr database, 45.71% were matched with sequences from S. italica, followed by Sorghum bicolor (18.28%), Zea mays (13.75%), Oryza sativa (10.15%), Oryza brachyantha (3.04%), Brachypodium distachyon (2.97%), Hordeum vulgare (1.36%), Aegilops tauschii (1.31%), Triticum urartu (0.76%), and Phyllostachys edulis (0.14%) (Fig. 3a) . 19,299 (64%) transcripts were assigned with 96,462 annotations. ANNEX implemented 8,378 annotations, replaced 894 annotations and augmented the total number of annotations by 9% to 104,840. In the seedling Main set, 22,704 (76%) transcripts were assigned with Blast hits (E-value < 10
) from the Nr database. For the top blast hit species distribution of aligned transcripts in the Nr database, 40.74% matched sequences from S. italica, followed by Sorghum bicolor (16.62%), Zea mays (11.98%), Oryza sativa (9.31%), Brachypodium distachyon (2.63%), Oryza brachyantha (2.57%), Ixodes scapularis (1.66%), Aegilops tauschii (1.38%), Hordeum vulgare (1.21%), and Triticum urartu (0.78%) (Fig. 3b) . 22,387 (58%) transcripts were initially assigned with 116,400 annotations. ANNEX implemented 9528 annotations, replaced 1434 annotations and augmented the total number of annotations by 8% to 125,928. Approximately 72 to 76% of the transcripts of the Main sets were assigned with Blast hits (E-value < 10 5 ) from the Nr database. This percentage is significantly higher than that of the unigene sets (34.76%) assembled from Illumina reads in the previous study of goosegrass , which is to the result of the improvement in transcript quality by combining multiple assemblies and the removal of redundant, low-coding-potential or mis-assembled transcripts through the tr2aacds pipeline.
The GO classification assigned 44 GO terms to the lead Main set transcripts and 47 to the seedling. The extra GO terms in seedling Main set are synapse (cellular component), receptor regulator activity, and translation regulator activity (molecular function). All the GO terms in the seedling Main set have higher scores than in the leaf, except two: single-organism process and cell killing, both in the biological process category (Fig. 4) . This is because more input transcripts are available for GO classification in the seedling Main set than in the leaf set.
Herbicide-Resistance-Related Transcripts
Herbicides play an essential role in modern crop, vegetable, and fruit production because they provide easy and effective weed control. However, wide and persistent herbicide application has resulted in the rapid evolution of herbicide resistance. Currently, herbicide resistance can be classified in two major categories: target-site and nontarget-site resistance (Powles and Yu, 2010) . Due to the complexity and large number of genes and gene-families involved in nontarget-site resistance, we limited our focus to the assessment of transcripts related to targeted-site resistance in the leaf assemblies. The 22 selected genes related to target-site resistance and their corresponding transcripts in the EvidentialGene (Main + Alternate) and Trinity assemblies were selected and compared. The results indicated that combining multiple assemblies augmented the chance of assembling possible isoforms. For example, two isoforms of the -tubulin gene (related to dinitroaniline herbicide resistance) in S. italica, XP_004981594 and XP_004981304, found matches in the Main + Alternate set but not in Trinity. Also, the alignment of the transcripts of each gene using the EvidentialGene tr2aacds pipeline revealed the removal of redundant or misassembled transcripts and the detection of transcripts for various isoforms. For example, two transcripts of the acetyl-coenzyme A carboxylase (ACCase) gene were detected and used for the chloroplastic (CLC44_contig_2748) and cytosolic (CLC59_contig_4349) isoforms by the EvidentialGene tr2aacds pipeline, while in the Trinity assembly, four transcripts (trinity_c48620_g2_i1, trinity_c37366_gi_i2, trinity_c48620_g2_i2, and trinity_c37366_g1_i1) were assembled for the chloroplastic isoform and three (trinity_c48620_g3_i1, trinity_c48620_g1_i1, and trinity_c6138_g1_i1) for the cytosolic isoform. Mutations in the chloroplastic isoform have been reported to confer ACCase herbicide resistance to plants (Powles and Yu, 2010) . By aligning the transcripts of each isoform, two Trinity transcripts for the chloroplastic isoform-trinity_c48620_g2_i2 and trinity_c37366_g1_i1-contain chimeric sequences (336 bp) that do not belong to the ACCase gene and must be due to misassembly (Fig. 5A) . The other two Trinity transcripts have identical CDS with the EvidentialGene transcript, CLC44_contig_2748 (Fig. 5A ). For the cytosolic isoform, two of the Trinity transcripts-trinity_c48620_g1_i1 and trinity_c6138_ g1_i1-assembled partial ACCase CDS. Their CDSs are identical to trinity_c48620_g3_i1 and the EvidentialGene transcript, CLC59_contig_4349 (Fig. 5B) . This indicated that the EvidentialGene pipeline distinguished and retained transcripts for the two isoforms of ACCase gene and removed the misassembled or redundant sequences of each isoform.
